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Embodiments described herein provide methods and sys-
tems for generating data samples with enhanced attribute
values. Some embodiments of the disclosure disclose a deep
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a latent space therebetween, that is configured to extrapolate
beyond the attributes of samples in a training distribution to
generate data samples with enhanced attribute values by
learning the latent space using a combination of contrastive
objective, smoothing objective, cycle consistency objective,
and a reconstruction loss.
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Receive a training sequence at an encoder of a generator, the

305  training sequence including a pair of samples, a first pair

" including a first training sample and a first atiribute and a

second pair includes a second training sample and a sccond
attribute

Train the encoder using a contrastive objective to generate
310 4 latent vectors from a latent space for the pair of samiples, the
' contrastive objective determines whether a first training
sample or a second training sample has a better value for the

attribute
31577 Train a latent space that maps the latent vector using a

smoothing objective

)

320 4§ Reconstruct, using a decoder, the pair of samples from the

latent vectors

St
325 . Determine a reconstruction loss using the pair of samples and

the reconstructed pair of samples

A 4

330 Train an encoder of a discriminator using a consistency

 leaming objective to generate second latent vectors from the
reconstructed samples, wherein the trained encoder predicts

relative rank between the reconstructed samples

L

335 7§ Update the parameters of the encoder and the decoder using at
least one of the contrastive objective, smoothing objective,
reconstruction loss, or consistency leamning objective

FIG. 3
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Receive, at a trained encoder of a generator, an input sequence

|

410 Generate latent vectors for the input samples in the mput

sequence from the trained latent space

|

Perturb the latent vectors to generate candidate samples

l

Generate candidate samples by passing the perturbed latent

415 "

vectors through a trained decoder

425 i’

E;Generate new samples from the candidate samples by passing the
candidate samples through the encoder of the discriminator and

ranking the cutput of the encoder

FIG. 4
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1
METHODS AND SYSTEM FOR DEEP
LEARNING MODEL GENERATION OF
SAMPLES WITH ENHANCED ATTRIBUTES

CROSS-REFERENCE(S)

The present disclosure is a nonprovisional of and claims
priority under 35 U.S.C. 119 to U.S. provisional application
No. 63/194,503, filed May 28, 2021.

TECHNICAL FIELD

The disclosure relates generally to machine learning mod-
els and neural networks, and more specifically to generating
data samples with enhanced attributes by the deep learning
models.

BACKGROUND

Deep generative neural networks can generate realistic
data across different data-types, from sequence to images to
time-series data. The deep generative neural networks have
applications in domains such as natural language processing,
computer vision, and speech.

The neural networks, however, have difficulty in gener-
ating samples beyond the training distribution, i.e., deep
neural networks have difficulty in generating new data
samples with better or enhanced attributes compared to the
samples in the training distribution.

Some conventional approaches aim to generalize classi-
fication and regression to low data settings. However, imbal-
anced classification methods upsample or downsample
classes or reweight the training cost function. Other methods
improve the generalization of regression models in extrapo-
lation and interpolation of the continuous data domain by
smoothing both the label and features of the training data.

Another conventional approach is a data-driven design.
The data-driven design aims to learn a distribution over a
high-dimensional input space that is optimized for a fitness
function corresponding to a desirable property. Design
methods often iterate sampling from a generator, and then
update the generator to assign a higher probability to inputs
that a discriminator predicts to have a higher fitness. Auto-
focused oracles also adapt discriminators throughout the
optimization process, from using re-weighting of the train-
ing examples in the cost function to make them more reliable
in the regions where the generator is more likely to generate.
Adaptive sampling uses a fixed discriminator/oracle model
and iteratively learns the distribution of inputs conditioned
on a desirable property using importance sampling.

Another conventional approach is controllable text gen-
eration. Controllable text generation aims to generate text
that corresponds to a user-specified attribute. The CTRL
generates controlled fluent texts by using control codes
which are meta-data prepended to the text during generation.
A generative discriminator resulting from contrasting pre-
dictions from opposing control codes may be used to guide
generation.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 is a simplified diagram of a computing device
according to some embodiments of the disclosure.

FIG. 2 is an example enhanced sample generative frame-
work for generating data samples with enhanced attribute
values, according to some embodiments of the disclosure.
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FIG. 3 is a simplified flowchart of a method for training
the enhanced sample generative framework, according to
some embodiments of the disclosure.

FIG. 4 is a simplified flowchart of a method for generating
new samples with enhanced attribute values with the
enhanced sample generative framework, according to some
embodiments of the disclosure.

FIG. 5 is a diagram illustrating a movie review with an
original language and a language with a sentiment positively
enhanced using the enhanced sample generative framework,
according to some embodiments of the disclosure.

FIG. 6 is a diagram comparing the enhanced dataset
generated using the enhanced sample generative framework,
datasets generated using conventional frameworks, and a
training dataset, according to some embodiments.

FIG. 7 is a diagram illustrating the stable proteins gen-
erated using the enhanced sample generative framework,
and comparatively less stable proteins generated using con-
ventional frameworks, and a training dataset of proteins,
according to some embodiments.

In the figures, elements having the same designations
have the same or similar functions.

DETAILED DESCRIPTION

Artificial intelligence, implemented with neural networks
and deep learning models, has demonstrated great promise
as a technique for automatically analyzing real-world infor-
mation with human-like accuracy. In general, such neural
network and deep learning models are trained to receive
input information and make predictions based on the same.
Whereas other approaches to analyzing real-world informa-
tion may involve hard-coded processes, statistical analysis,
and/or the like, neural networks learn to make predictions
gradually, by a process of trial and error, using a machine
learning process. A given neural network model may be
trained using a large number of training examples, proceed-
ing iteratively until the neural network model begins to
consistently make similar inferences from the training
examples that a human might make. Neural network models
have been shown to outperform and/or have the potential to
outperform other computing techniques across different
applications.

Deep generative neural networks can generate realistic
data across data-types, from sequences to images to time-
series data, with applications in domains such as natural
language processing, computer vision, and speech. That is,
based on samples with attributes in a training distribution,
deep neural networks can generate additional samples that
share the attributes of the training samples. For example,
based on training data samples of protein sequences having
the attribute of some binding affinity or a nanomaterial
structure having the attribute of a ground state energy, deep
neural networks can be used to generate other data samples
of protein sequences and nanomaterial structures having
comparable attribute values.

Attribute extrapolation in sample generation is challeng-
ing for deep neural networks operating beyond the training
distribution. An enhances sample generation (ESG) module
uses an ESG framework to enhance attributes through a
latent space. The ESG module may be trained on different
datasets, such as movie reviews datasets and a new protein
stability dataset. Once trained on the respective datasets, the
ESG module may generate strongly-positive text reviews
and highly stable protein sequences without being exposed
to similar data during training.
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In various fields, scientific or otherwise there is a great
interest in synthetically generating samples with enhanced
attributes, at least because traditional methods tend to be
expensive, cumbersome, and resource-intensive.

As used herein, the term “network” may comprise any
hardware or software-based framework that includes any
artificial intelligence network or system, neural network or
system and/or any training or learning models implemented
thereon or therewith.

As used herein, the term “module” may comprise hard-
ware or software-based framework that performs one or
more functions. In some embodiments, the module may be
implemented on one or more neural networks, such as
supervised or unsupervised neural networks, convolutional
neural networks, or memory-augmented neural networks,
among others.

FIG. 1 is a simplified diagram of a computing device 100
according to some embodiments. As shown in FIG. 1,
computing device 100 includes a processor 110 coupled to
memory 120. Operation of computing device 100 is con-
trolled by processor 110. Although computing device 100 is
shown with only one processor 110, it is understood that
processor 110 may be representative of one or more central
processing units, multi-core processors, microprocessors,
microcontrollers, digital signal processors, field program-
mable gate arrays (FPGAs), application specific integrated
circuits (ASICs), graphics processing units (GPUs) and/or
the like in computing device 100. Computing device 100
may be implemented as a stand-alone subsystem, as a board
added to a computing device, and/or as a virtual machine.

Memory 120 may be used to store software executed by
computing device 100 and/or one or more data structures
used during operation of computing device 100. Memory
120 may include one or more types of machine readable
media. Some common forms of machine readable media
may include floppy disk, flexible disk, hard disk, magnetic
tape, any other magnetic medium, CD-ROM, any other
optical medium, punch cards, paper tape, any other physical
medium with patterns of holes, RAM, PROM, EPROM,
FLASH-EPROM, any other memory chip or cartridge, and/
or any other medium from which a processor or computer is
adapted to read.

Processor 110 and/or memory 120 may be arranged in any
suitable physical arrangement. In some embodiments, pro-
cessor 110 and/or memory 120 may be implemented on a
same board, in a same package (e.g., system-in-package), on
a same chip (e.g., system-on-chip), and/or the like. In some
embodiments, processor 110 and/or memory 120 may
include distributed, virtualized, and/or containerized com-
puting resources. Consistent with such embodiments, pro-
cessor 110 and/or memory 120 may be located in one or
more data centers and/or cloud computing facilities.

As shown, memory 120 includes an enhanced sample
generation (ESG) module 130 that may be used to imple-
ment and/or emulate the neural network systems and models
and/or implement any of the methods described further
herein, such as but not limited to the method described with
reference to FIG. 3. ESG module 130 may be used, in some
examples, for generating data samples with enhanced attri-
bute values. For example, the data samples may be samples
of a training distribution related to protein sequences that
have given attribute values of binding affinities. In such
cases, based on these data samples, the ESG module 130
may be configured to generate data samples of protein
sequences with the enhanced attribute values of higher
affinity values. As another example, the data samples may be
samples of a training distribution related to nanomaterial
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structures that have given attribute values of ground state
energies. In such cases, based on these data samples, the
ESG module 130 may be configured to generate data
samples of nanomaterial structures with the enhanced attri-
bute values of energetically favorable states (e.g., ground
states with lower energy). As another sample, in the movie
review space the enhanced attribute value may be a review
having a ‘Strong Positive’ sentiment whereas the unen-
hanced attribute value was a ‘Negative,” ‘Neutral’ or ‘Posi-
tive’ sentiment in some examples.

As shown, computing device 100 receives input 140,
which is provided to ESG module 130. Based on the input,
ESG module 130 may generate output 150. In some embodi-
ments, the input 140 may include training data samples of
distributions having given attribute values. As noted above,
examples include data samples of protein sequences with
given attribute values of binding affinities or data samples of
nanomaterial structures with given attribute values of
ground state energies. The output 150 of ESG module 130
may be a new sequence where the ground truth attribute
value may be better than the ground truth attribute in the
input sequence. In some embodiments, the output 150 can
include data samples with enhanced attribute values. For
instance, with respect to the above examples, the output 150
can be data samples of protein sequences with enhanced
attribute values of higher affinity values or data samples of
nanomaterial structures with the enhanced attribute values of
lower ground state energies. For instance, ESG module 130
may receive a sequence of samples as input 140 and gen-
erate, as output 150, sequences with target attribute values
that are better than the training data used to train ESG
module 130. Assuming there is a ground-truth oracle (O)
that maps each sample (x€ R 9) to the target attribute value
YER), e.g., y=O(x), then, given a dataset of oracle labeled
samples (D), ESG module 130 may generate new sequences
where its ground-truth attribute value is better than that of
the given dataset. This relationship may be shown as fol-
lows:

Pnenw” Yo VXYEDy<y,) (6]

To generate samples that satisfy this criterion with high
probability, ESG module 130 includes a sampling-ranking
framework that consists of a sampler S and ranker R. The
sampler S proposes a pool of candidate sequences and a
ranker R infers and ranks the relative scores of these
candidates. The candidate sequences with low scores, e.g.
scores below a predefined threshold, may be filtered out
excluded from the new sequences. In the ESG module 130,
the sampler S may be the generator and the ranker R may be
the discriminator of the ESG module 130.

As discussed above, computing device 104 may include
memory 120. Memory 120 may include non-transitory,
tangible, machine readable media that include executable
code that when run by one or more processors (e.g., pro-
cessor 110) may cause the one or more processors to perform
the methods described in further detail herein. In some
examples, ESG module 130 may be implemented using
hardware, software, and/or a combination of hardware and
software.

FIG. 2 is a block diagram of an ESG module, according
to an embodiment. ESG module 130 may be a framework
that includes a neural network or a combination of neural
networks. ESG module 130 may comprise a generator, such
as GENhance 205 and a discriminator 210. GENhance 205,
unlike conventional models, includes an encoder ENC 215,
a decoder DEC 220, and a latent space 225 between encoder
ENC 215 and decoder DEC 220. The latent space 225 may
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be configured to extrapolate beyond the attributes of samples
in a training distribution by learning the latent space using
one or a combination of losses and/or objectives. Example
losses and/or objectives may be a contrastive objective, a
smoothing objective, a cycle consistency objective, and a
reconstruction loss for autoregressive generation. Discrimi-
nator 210 may also include encoder (ENC) 215. Typically,
encoder (ENC) 215 may be shared by GENhance 205 and
discriminator 210. In another embodiment, GENhance 205
and discriminator 210 may have different encoders (ENC).

Encoder (ENC) 215 may receive, as input 140, an input
sequence (xe R %) with a given attribute values y, and may
generate a latent vector z (ze R%) of a particular input
sequence (xe R ). In other words, the latent vector z (latent
vector 230) may be generated as z=ENC(x). In some
embodiments, latent vector z may be a hidden state at the
location of a <cls>token that is prepended to the input
sequence.

The latent vector z may include representation relevant
and irrelevant to the attribute of interest. The relevant and
irrelevant representation may be stored in z; and z, respec-
tively, e.g., z=[z; z,]. To train encoder (ENC) 215 to store
information about the target attribute in z;, a contrastive
objective may be trained to learn which of the two samples
in input sequence has a better value of the attribute, as
follows:

Loomrasy = ~log| ————— @
contrast = g 1+ exp(, - ) >

Va = N Caps [Za)5 2221 = ENC(xa), o > Vb

where (x,, y,) and (X,, y,,) are a pair of training samples,
each containing an input sequence x and its label y, f is an
operation that maps z, to a scalar value. In some embodi-
ments, z, may have a dimension 1 and f; may be an identity
operation.

In some embodiments, GENhance 205 may be trained to
generate sequences using an objective where the decoder
(DEC) 220 may autoregressively reconstruct the input
sequence (input 140) as reconstructed sequence & (recon-
structed sequence 235), while being conditioned on the
latent vector z. In other words, decoder (DEC) 220 may
receive latent vector z and generate reconstructed sequence
%. ESG module 130 may also determine a reconstruction loss
between input sequence X and reconstructed sequence X. For
an input sequence X of length 1, parameterizing the encoder
(ENC) 215 with 0 and decoder (DEC) 210 with v, the
reconstruction loss may be determined as follows:

! / 3
Liecon = —Zlogpw(xi |z, {x1, .. s 1)) = —Zlogpe,w(xi | x)

=t =t

To ensure that the perturbed latent vector z would result
in plausible generations, a smoothing objective may be
applied to the latent space 225. An example smoothing
objective may be the deterministic Wasserstein autoencoder-
maximum mean discrepancy (WAE-MMD) objective. The
smoothing objective may train the latent space 225. The
WAE-MMD term may penalize divergence of the latent
vectors z from a target prior distribution P_, which may be
a unit Gaussian, and represented as follows:

L soon=MMD(P,,Z) )
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In some embodiments, the WAE-MMD objective works
as follows. For a positive-definite reproducing kernel k: z X
7 — R, the maximum mean discrepancy (MMD,) may be:

(©)
where H, is the RKHS of real-valued functions mapping
Z to R . If k is a characteristic then MMD,, defines a metric
and can be used as a divergence measure. Since MMD has
an unbiased U-statistic estimator, it can be used together

with stochastic gradient descent (SGD) during training in the
following form:

MMD(P,, Q)= 2 kz)dP ()~ 3 k(z)dQ. (| H

©®
MMD(P;, Q) =

1 1 2
D ;k(z,, )+ m;k@, )~ ;gk@, 2,
{z1, oo Za} ~ Pos {21, o 20} ~ O,
where {z,, . . . z,}~P_ are samples from the target prior

distribution P_ and {Z,, . . . Z,}~Q, are the decoded latent
vectors z in GENhance 205. For k, a random-feature Gauss-
ian kernel with 6=14 and random feature dimension of 500
may be used.

The reconstructed sequence X may be received and pro-
cessed by discriminator 210. Discriminator 210 may include
encoder (ENC) 215 (which may be the same or another
instance of encoder (ENC) 215) which receives recon-
structed sequence X and generates a second latent vector Z
(latent vector 240) in the second latent space 225. To learn
a better latent space 225 and have a stronger discriminator
210, ESG module 130 may apply a cycle-consistency learn-
ing objective (£ .....,) to the second latent vector Z. The
cycle-consistency learning objective (£ . .,,) may train
encoder (ENC) 215 of discriminator 210 to correctly predict
the relative rank between two reconstructed inputs, as fol-
lows:

¥ R PR
| T enp(, g | T = i

(243 222 ] = ENC(%4), Xa = DEC(ENC(xa)), ya > b

Leye—con =~

Since encoder (ENC) 215 of discriminator 210 may be
used to rank generated sequences during inference, perfor-
mance of encoder (ENC) 215 on these synthetic sequences
may be improved by training the encoder (ENC) 215 on
generated sequences X during the training phase. Further, by
backpropagating the (..., term through ESG module
130, ESG module 130 may learn latent space 225 which
generates sequences that are easy for the discriminator 210
to rank accurately. Combining all the training objectives,
optimal parameters for the ESG module 130 may be deter-
mined using stochastic gradient descent, as follows:

oy = argmin()\ Leontrast + ®

o

contrast

MNovacon + Lrecon + Nomoos Lonoots + NeyorconLere-con)

where >\ contrast® >\rgcom >\Smm7th’ and >\ cyc-con L cyc-con
may be predefined parameters.

After the ESG module 130 is trained, GENhance 205 may
be used to sample candidates from latent space 225. The
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sample candidates may be ranked with the scalar scores
output by the encoder ENC 215 in discriminator 210. First,
a training sample may be encoded with encoder ENC 215 to
sample a latent vector z. Next, to obtain the latent vector
encoding for a new candidate sequence with an improved
attribute, a perturbation Az, may be made to the target
attribute-aligned latent component z. At the final step,
decoder DEC 210 may condition, on the perturbed latent
vector (z'), to generate an improved candidate sample (X'), as
follows:

#=DEC(2), 2=[(z+Az], [552,]=E N C(») ©

The perturbation Az is determined as the direction that
increases the f’s score output,

. 3 fitap)
.8, —02“ .

For a linear layer f), this term is the weight of the layer, while
where f) is an identity operator, Az is a scalar.

After generating a pool of candidate samples using
encoder (ENC) 215 and decoder (DEC) 220 in GENhance
205, the pool of candidate samples may be ranked using a
predicted score of encoder ENC 215 of discriminator 210, as
follows:

I=AENC(T))

The top-scoring candidates samples, e.g. samples with a
score above a threshold or top N samples, may be the new
samples with the enhanced attributes. The remaining can-
didate sample may be dropped.

FIG. 3 is a simplified diagram of a method 300 for training
the ESG module 130, according to some embodiments. One
or more of the processes of method 300 may be imple-
mented, at least in part, in the form of executable code stored
on non-transitory, tangible, machine-readable media that
when run by one or more processors may cause the one or
more processors to perform one or more of the processes. In
some embodiments, method 300 corresponds to the opera-
tion of ESG module 130 discussed in FIGS. 1 and 2 to
perform for training the ESG module 130. The processes
305-335 in method 300 may be repeated for a predefined
number of iterations on an entire, half, or a portion of input
140.

At process 305, a training sequence from a training
dataset is received. For example, encoder (ENC) 215 of
GENhance 205 receives a pair of training samples. Each
training sample may include an input sequence x and a
corresponding label, which may represent an attribute of
interest.

At process 310, an encoder is trained using a contrastive
objective. For example, encoder (ENC) 215 of GENhance
205 generates latent vector z, one latent vector for each
sample in the pair of samples. The latent vector z is
generated in a latent space 225 and may include represen-
tations that are relevant and irrelevant to the attribute of
interest. The representations may be stored in 7z, and z,.
Encoder (ENC) 215 is trained using a contrastive objective.
For example, encoder 215 is trained to store information
about a target attribute 7z, by learning which of the two
samples received in process 305 has a better value for the
attribute.

At process 315, a latent space is trained. For example, a
latent space 225 is trained using a smoothing objective. The
smoothing objective may penalize latent vectors z that are
diverse from a target prior distribution P_. In some embodi-
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8

ments, a smoothing objective may be achieved using a
deterministic Wasserstein autoencoder-maximum mean dis-
crepancy objective.

At process 320, reconstructed sequences X are generated
for the pair of samples. For example, decoder (DEC) 220
may generate reconstructed sequences X that are conditioned
on latent vectors z. The reconstructed sequences X main
include a reconstructed sequence for each input sample in
the pair of samples.

At process 325, a reconstruction loss is determined. For
example, reconstruction loss may be determined using a
difference between input sequence X received in process 305
and the reconstructed sequence X determined in process 320.

At process 330, an encoder is trained using a consistency
learning objective. For example, encoder (ENC) 215 of
discriminator 210 receives a pair of inputs that include
reconstructed sequences X and generates second latent vec-
tors 2. During reconstruction, the encoder (ENC) 215 is
trained to correctly predict the relative rank between two
reconstructed sequences & using a consistency learning
objective.

At process 335, the parameters of encoder (ENC) 215 and
decoder DEC 220 are updated with values determined by the
contrastive objective, smoothing objective, reconstructive
loss, and cycle-consistency learning objective.

FIG. 4 is a simplified diagram of a method 400 for
generating data samples with enhanced attributes using ESG
module 130, according to some embodiments. One or more
of the processes of method 400 may be implemented, at least
in part, in the form of executable code stored on non-
transitory, tangible, machine-readable media that when run
by one or more processors may cause the one or more
processors to perform one or more of the processes. In some
embodiments, method 400 corresponds to the operation of
ESG module 130 discussed in FIGS. 1 and 2 to perform the
task of generating, from data samples having given attribute
values, data samples that have enhanced attribute values.

At process 405, an input sequence is received. For
example, encoder (ENC) 215 trained using method 300
receives an input sequence % that includes input samples.

At process 410, latent vectors z are generated. For
example, encoder (ENC) 215 generates latent vectors z in
the latent space 225 for the input samples in the input
sequence X.

At process 415, the latent vectors are perturbed. For
example, latent vectors z are perturbed by Az. For example,
if a function maps the relevant attribute in a latent vector to
a scalar value, the perturbation Az, may be in a direction that
increases the scalar value.

At process 420, a candidate samples are determined. For
example, decoder (DEC) 220 receives the perturbed latent
vectors z' and generates candidate samples X'.

At process 425, new samples with enhanced attribute are
determined. For example, candidate samples X' may be
ranked and filtered by passing the candidate samples &'
through the Encoder (ENC) 215 of discriminator 210. The
candidate samples & ' having a score above a predefined
threshold or having a score in the top N scores may be kept
as the new samples.

In some embodiments, ESG module 130 may be used to
generate samples for terms in a natural language, such as
terms that indicate a sentiment of a review. An example
training dataset, such as the Stanford Sentiment Treebank-5
(SST-5), contains movie reviews from Rotten Tomatoes,
which are labeled with one of the five ordinally increasing
sentiment labels: ‘Strong-Negative’, ‘Negative’, ‘Neutral’,
‘Positive’, and ‘Strong-Positive’. These sentiment labels
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may be assigned by a human user based on the human’s
perception of the review. Each sentiment label may corre-
spond to a predefined value. To train ESG module 130 on the
SST-5 dataset, in one example, a 200-Pos training set is
generated. To generate the 200-Pos training set, all ‘Strong-
Positive’ examples are removed from the training dataset,
but 200 randomly sampled ‘Weak-Positive’ examples are
kept to simulate the presence of a small amount of higher
attribute samples from the SST-5. In another example, to
train ESG module 130, a No-Pos training set is generated.
The No-Pos training set is generated by removing both
‘Weak-Positive’ and ‘Strong-Positive’ samples from the
SST-5 dataset. The 200-Pos and No-Pos training sets have
5134 and 4934 samples respectively.

During training, the training samples are fed into encoder
(ENC) 215 as sequence input x and used as the labels for the
decoder (DEC) 210’s output for the reconstruction objec-
tive.

Once ESG module 130 is trained on the 200-Pos and
No-Pos training sets, ESG module 130 may generate 25,000
candidate sequences. The candidate sequences may be
ranked into pools of top-100, 1000 and 10000 sequences.
The percentage of candidate sequences containing target
attributes (“Strong-Positive’ & ‘Weak-Positive’) is com-
puted by using a ground-truth oracle model, such as a
pretrained BERT-large model that is finetuned on the full
training set SST-5 (including ‘Strong-Positive” & ‘Weak-
Positive’ samples) with a classification objective. This oracle
model may be trained with a batch size of 32 for 30 epochs
and achieves an accuracy of 92.5% for strong-positive vs.
neutral/negative classification. The Az, perturbations of
magnitude equal to 5% of the standard deviation of the
training samples’ z; may be used to generate candidate
samples.

In some embodiments, a performance metric [E [% SP]
identifies an expected percentage of ‘Strong-Positive’ gen-
erated sequences. The metric has a statistically-relevant
measure with an expectation value and uses the ‘Strong-
Positive’ labels alone to maximize Oracle label fidelity, as
‘Strong-Positive’ labels are almost perfectly distinguishable
from the training labels of ‘Neutral” and lower. The metric
is computed by first randomly sampling a predetermined
number of generations from e.g. 25000 candidate samples.
Next, filtering the top-100 candidates based on discriminator
210’s ranking, and computing the percentage of ‘Strong-
Positive’ candidate samples in top-100 with ground-truth
oracle model. Lastly, computing the percentage of the
‘Strong-Positive’ candidate samples in top-100 may be
repeated for e.g. 100 rounds and an average percentage of
the “Strong-Positive” candidates may be determined.

As a proxy for text quality, the perplexity value may be
computed for each generation using a pretrained GPT-2
large model and average values across the top-K pools are
determined.

As indicated by Table 1 and Table 2, below, the ESG
module 130 (shown as GENhance) outperforms conven-
tional baselines models, e.g. MCMC model and baseline
Gen-Disc model and ablation variants for all percentage of
positive metrics. For instance, 49.7% of the more challeng-
ing ‘Strong-Positive’ sequences generated by GENhance are
correct, which is almost twice the percentage of samples
generated by a conventional baseline Gen-Disc model. Fur-
ther, the performance of models drops in the % positive
metrics for the No-Pos training setup as compared to the
200-Pos setup, except for MCMC-Random model, which is
significantly worse in both cases. This reflects the greater
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challenge in generating desirable candidates when there are
no positive samples in the training data.

Table 1 illustrates that ESG module 130 generates a large
fraction of attribute-enhanced sequences for SST-5 dataset,
when 200 ‘Weak-Positive’ samples are present in the train-
ing set. The metrics are computed for top-1000 ranked
sequences. Further, the SST-5 test samples have a mean
perplexity value of 101.3. CC may be cycle-consistency
discussed above.

TABLE 1
% Strong-

% Positive  Positive Perplexity [E[% SP]
Model (1 better) (1 better) (| better) (1 better)
Baseline Gen-Disc 90.6 26.7 63.9 14.2
MCMC-Random 17.6 0.5 49696 0.17
MCMC-T5 54.8 10.8 224 4.58
GENhance w/o 88.2 21.5 125 15.44
Smoothing & CC
GENhance w/o CC 91.3 23.6 101 16.62
GENhance 98.7 49.7 90.5 44.33

Table 2 illustrates that ESG module 130 generates a large
fraction of attribute-enhanced sequences for SST-5 dataset,
when no positive samples are present in the training set. The
metrics are computed for top-1000 ranked sequences. SST-5
test samples have a mean perplexity value of 101.3. CC may
be cycle-consistency discussed above.

TABLE 2
% Strong-

% Positive  Positive Perplexity [E[% SP]
Model (1 better) (1 better) (| better) (1 better)
Baseline Gen-Disc 65.1 11.4 61.7 7.65
MCMC-Random 22.9 0.3 20924 0.28
MCMC-T5 46.4 6.2 125 5.81
GENhance w/o 42.3 5.6 596 5.46
Smoothing & CC
GENhance w/o CC 69.5 9.3 126 7.8
GENhance 87.7 21.4 118 19.52

FIG. 5 is a diagram 500 that illustrates that the ESG
module 130 enhances the “neutral” sequences from the
SST-5 dataset to be ‘Strong-Positive’ sequences. Positive
words generated in the “strongly-positive” sequences are in
bold and negative words are italicized.

FIG. 6 is a diagram 600 of tables illustrating attributes for
samples generated using ESG module 130 and conventional
models that generate samples, as well as the attributes in the
training dataset. As illustrated in FIG. 6, ESG module 130
extrapolates a higher proportion of ‘Strong-Positive’
samples from the training data distribution than the conven-
tional MCMC-T5 and baseline Gen-Disc models.

In some embodiments ESG module 130 may be used to
design a protein with an optimized property (e.g. stability),
which is an interest to synthetic biology and drug discovery.
For example, ESG module 130 may generate a new syn-
thetic dataset of stability for mutations of human angio-
tensin-converting enzyme 2 (ACE2) protein. Since the
SARS-CoV-2 virus binds to ACE2 to gain entry into human
organs, the ACE2 has emerged as a promising target for
COVID-19 therapeutic protein design. ESG module 130
may be used, for example, to generate an ACE2-like protein
sequence that is more stable than samples in a training set.
As a proxy for experimentally measured stability of a
protein sequence, the free energy calculation via FoldX may
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be used. The free energy calculation provides an automated,
computational oracle for testing 250 extrapolation methods
in silico. In particular, a change in free energy from wild-
type, ddG or AAG may be measured between the folded and
unfolded state of a protein sequence with the known ACE2
structure. A lower ddG value indicates a sequence that is
more stable.

To generate a training dataset, the N-terminus subdomain
of ACE2 may be mutated. The protein is represented as a
sequence of 83 amino acids starting from the N-terminus
side, with a vocabulary of 20 amino acids. In some embodi-
ments, 250,000 ACE2 variants may be curated by mutating
the wild-type (natural) ACE2 subdomain through substitu-
tions and computing their ddG values. To keep a local
landscape of deviation from wild-type, amino acids were
substituted by another amino acid with a probability of
P=4/1. where L is the length of the protein’s mutable region.
Mutants with more than eight mutations are discarded and a
constant region (NTNITEEN) is maintained. The ddG val-
ues for each sequence are computed as the average over five
FoldX simulations. This dataset may be used to evaluate
ESG modules 130’s ability to generate protein sequences
with lower ddG values than those found in the training
distribution. In contrast to the SST-5 dataset discussed
above, the ACE2 ddG values lie on a continuous scale,
allowing to validate ESG module 130 in the continuous label
setting.

The parameters of encoder (ENC) 215 and decoder 220 in
ESG module 130 may be initialized to a T5-base model that
is pretrained on Uniref 50 with a masked span objective of
mean length 3. The ESG module 130 may be finetuned by
a pretrained encoder-decoder model.

Once ESG module 130 is trained using the training
dataset, ESG module 130 may generate a predefined number
of sequences, e.g. 250,000 sequences while eliminating
generations without the constant region (NTNITEEN) or
with a different sequence length from the wild-type
sequence. The discriminator 210 may rank the candidate
samples into pools of top-10, 100 and 1000 sequences. The
top-K sequences’ ddG values are then computed with the
FoldX software, taking the average over five simulation
runs. The top-5% most stable sequences are used as the
initial sequences for MCMC and as the input sequence for
GENhance. The Az perturbations of magnitude equal to
25% of the standard deviation of the training samples’ z, are
used by the ESG module 130. The percent chance of
improvement PCL; over the best label (most negative ddG)
in training data is measured. To have a statistically-relevant
metric, the expected minimum ddG value ([ [min]) is
developed which is computed by first randomly sampling
10000 of generations from the 25000 generations, then
filtering out top-10 candidates based on discriminator’s
ranking, computing ddG top-10 with FoldX oracle software
to find the minimum ddG value among these 10 candidates
and repeating the steps above for 100 rounds. The minimum
ddG values across these rounds is then averaged.

As illustrated in Table 3, below, ESG module 130 out-
performs the conventional models on all metrics in design-
ing more stable sequences. Sequences generated using ESG
module 130 have the lowest mean ddG value, with a
significant fraction of generations more stable than the most
stable sequence in the training set, as indicated by the higher
PCI, values. ESG module 130 also has the lowest ([E [min])
value, indicating that it may be well-suited to find stable
protein candidates in laboratory experiments where only
small numbers of candidates can be evaluated due to cost.
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The metrics are computed for top-100 ranked sequences. CC
may be cycle-consistency discussed above.

TABLE 3

ddG mean PCL, (%) [E[min]
Model (| better) (1 better) (| better)
Baseline Disc -4.05 3 -6.18
MCMC -4.84 9 —-6.89
GENhance w/o -7.16 66 -8.31
Smoothing & CC
GENhance w/o CC -5.59 30 -7.68
GENhance -7.34 77 -8.71

FIG. 7 is a diagram 700 illustrating the generated ACE2-
like sequences generated using the ESG module 130 and
conventional models, such as MCMC model and baseline
Gen-Disc model. The ACE2-like sequences 702 generated
using ESG module 130 show the largest shift in ddG
distribution (e.g. stability improvement) from the training
set 704 as compared to sequences 706, 708 generated using
conventional MCMC and baseline Gen-Disc models respec-
tively. The top-100 ranked generated sequences are shown.
In other words, the distribution generated by samples in ESG
module 130 shows the largest shift in sequences 702 is
toward more stable sequences as compared to the distribu-
tion of the training set 704.

Although the embodiments above illustrate how ESG
module 130 generates more stable proteins, the ESG module
130 aims to create improved samples with target attributes
beyond the training distribution. Scientific applications for
ESG module 130 may include the design of proteins, mate-
rials, and molecules without expensive, iterative procedures
for discovery.

This description and the accompanying drawings that
illustrate inventive aspects, embodiments, implementations,
or applications should not be taken as limiting. Various
mechanical, compositional, structural, electrical, and opera-
tional changes may be made without departing from the
spirit and scope of this description and the claims. In some
instances, well-known circuits, structures, or techniques
have not been shown or described in detail in order not to
obscure the embodiments of this disclosure. Like numbers in
two or more figures represent the same or similar elements.

In this description, specific details are set forth describing
some embodiments consistent with the present disclosure.
Numerous specific details are set forth in order to provide a
thorough understanding of the embodiments. It will be
apparent, however, to one skilled in the art that some
embodiments may be practiced without some or all of these
specific details. The specific embodiments disclosed herein
are meant to be illustrative but not limiting. One skilled in
the art may realize other elements that, although not spe-
cifically described here, are within the scope and the spirit
of this disclosure. In addition, to avoid unnecessary repeti-
tion, one or more features shown and described in associa-
tion with one embodiment may be incorporated into other
embodiments unless specifically described otherwise or if
the one or more features would make an embodiment
non-functional.

Although illustrative embodiments have been shown and
described, a wide range of modification, change and substi-
tution is contemplated in the foregoing disclosure and in
some instances, some features of the embodiments may be
employed without a corresponding use of other features.
One of ordinary skill in the art would recognize many
variations, alternatives, and modifications. Thus, the scope
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of the invention should be limited only by the following
claims, and it is appropriate that the claims be construed
broadly and in a manner consistent with the scope of the
embodiments disclosed herein.

What is claimed:
1. A method, comprising:
receiving, at a deep machine learning model, a training
dataset having a pair of samples, including a first pair
and a second pair, the first pair including a first training
sample and a first attribute and the second pair includ-
ing a second training sample and a second attribute;

training an encoder of the deep machine learning model,
using a contrastive objective, to generate a first latent
vector in a latent space for the first pair and a second
latent vector in the latent space for the second pair;

training the latent space using a smoothing objective;

reconstructing, using a decoder of the deep machine
learning model, a reconstructed pair of samples includ-
ing a reconstructed first pair from the first latent vector
and a reconstructed second pair from the second latent
vector;
determining a reconstruction loss using the pair of
samples and the reconstructed pair of samples;

training the encoder, using a consistency learning objec-
tive, to rank the reconstructed first pair and the recon-
structed second pair;

updating, at least one parameter in the deep machine

learning model, based on at least one of the contrastive
objective, smoothing objective, reconstruction loss, or
consistency learning objective;

determining that a reconstructed first sample in the recon-

structed first pair has a higher rank than a second
reconstructed training sample in the reconstructed sec-
ond pair; and

discarding the second pair based on the determining.

2. The method of claim 1, wherein the updating further
comprises updating at least one parameter of the encoder.

3. The method of claim 1, wherein the updating further
comprises updating at least one parameter of the decoder.

4. The method of claim 1, wherein the contrastive objec-
tive selects the first attribute or the second attribute.

5. The method of claim 1, wherein the first latent vector
includes a first representation and a second representation
associated with the first attribute.

6. The method of claim 5, wherein the first representation
associated with the first attribute is mapped to a scalar value.

7. The method of claim 1, further comprising:

receiving at the encoder an input sample having an

attribute;

generating a latent representation for the input sample

using the latent space;

perturbing the latent representation, wherein the perturb-

ing changes one of values of the latent representation;
and

generating, using the decoder, a candidate sample from

the perturbed latent representation.

8. The method of claim 7, further comprising:

ranking, using the encoder, the candidate sample together

with other candidate samples determined from other
input samples; and

determining that the candidate sample has an enhanced

attribute based on the ranking.

9. A system, comprising:

a deep machine learning model comprising an encoder

and a decoder, and stored in at least one memory and
configured to:
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receive a training dataset having a pair of samples,
including a first pair and a second pair, the first pair
including a first training sample and a first attribute
and the second pair including a second training
sample and a second attribute;

train the encoder, using a contrastive objective, to
generate a first latent vector in a latent space for the
first pair and a second latent vector in the latent space
for the second pair;

training the latent space, located between the encoder
and the decoder, using a smoothing objective;

reconstruct, using the decoder of the deep machine
learning model, a reconstructed pair of samples
including a reconstructed first pair from the first
latent vector and a reconstructed second pair from
the second latent vector;

determine a reconstruction loss using the pair of
samples and the reconstructed pair of samples;

train the encoder, using a consistency learning objec-
tive, to rank the reconstructed first pair and the
reconstructed second pair;

update, at least one parameter in the deep machine
learning model, based on at least one of the contras-
tive objective, smoothing objective, reconstruction
loss, or consistency learning objective;

determine that a reconstructed first sample in the recon-
structed first pair has a higher rank than a second
reconstructed training sample in the reconstructed
second pair; and

discard the second pair based on the determining.

10. The system of claim 9, wherein to update the at least
one parameter, the deep machine learning model is config-
ured to update at least one parameter of the encoder.

11. The system of claim 9, wherein to update the at least
one parameter, the deep machine learning model is config-
ured to update at least one parameter of the decoder.

12. The system of claim 9, wherein the contrastive objec-
tive selects the first attribute or the second attribute.

13. The system of claim 9, wherein the first latent vector
includes a first representation and a second representation
associated with the first attribute.

14. The system of claim 13, wherein the first representa-
tion associated with the first attribute is mapped to a scalar
value.

15. The system of claim 9, wherein the deep machine
learning model is further configured to:

receive at the encoder an input sample having an attribute;

generate a latent representation for the input sample using

the latent space;

perturb the latent representation, wherein the perturbing

changes one of values of the representation that is
relevant in the latent representation; and

generate, using the decoder, a candidate sample from the

perturbed latent representation.

16. The system of claim 15, wherein the deep machine
learning model is further configured to:

rank, using the encoder, the candidate sample together

with other candidate samples determined from other
input samples; and

determine that the candidate sample has an enhanced

attribute based on the ranking.

17. A non-transitory computer readable medium having
instructions thereon, that when executed by a processor
cause the processor to perform operations that train a deep
machine learning network, the operations comprising:

receiving, at a deep machine learning model, a training

dataset having a pair of samples, including a first pair
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and a second pair, the first pair including a first training
sample and a first attribute and the second pair includ-
ing a second training sample and a second attribute;

training an encoder of the deep machine learning model,
using a contrastive objective, to generate a first latent
vector in a latent space for the first pair and a second
latent vector in the latent space for the second pair, the
latent space located between the encoder and a decoder;

training the latent space using a smoothing objective;

reconstructing, using the decoder of the deep machine
learning model, a reconstructed pair of samples includ-
ing a reconstructed first pair from the first latent vector
and a reconstructed second pair from the second latent
vector;

determining a reconstruction loss using the pair of
samples and the reconstructed pair of samples;

training a second instance of the encoder, using a consis-
tency learning objective, to rank the reconstructed first
pair and the reconstructed second pair; and

updating, at least one parameter in the deep machine
learning model, based on at least one of the contrastive
objective, smoothing objective, reconstruction loss, or
consistency learning objective;
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determine that a reconstructed first sample in the recon-
structed first pair has a higher rank than a second
reconstructed training sample in the reconstructed sec-
ond pair; and

discard the second pair based on the determining.

18. The non-transitory computer readable medium of
claim 17, wherein the reconstructed first pair from the first
latent vector include a reconstructed first training sample.

19. The non-transitory computer readable medium of
claim 17, wherein the updating further comprises updating
at least one parameter of the encoder or at least one
parameter of the decoder.

20. The non-transitory computer readable medium of
claim 17, wherein the operations further comprise:

receiving at the encoder an input sample having an

attribute;

generating a latent representation for the input sample

using the latent space;

perturbing the latent representation, wherein the perturb-

ing changes one of values of the representation that is
relevant in the latent representation; and

generating, using the decoder, a candidate sample from

the perturbed latent representation.
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